Abstract Trajectory design for Autonomous Underwater Vehicles (AUVs) is of great importance to the oceanographic research community. Intelligent planning is required to maneuver a vehicle to high-valued locations for data collection. We consider the use of ocean model predictions to determine the locations to be visited by an AUV, which then provides near-real time, in situ measurements back to the model to increase the skill of future predictions. The motion planning problem of steering the vehicle between the computed waypoints is not considered here. Our focus is on the algorithm to determine relevant points of interest for a chosen oceanographic feature. This represents a first approach to an end to end autonomous prediction and tasking system for aquatic, mobile sensor networks. We design a sampling plan and present experimental results with AUV retasking in the Southern California Bight (SCB) off the coast of Los Angeles.
Introduction
More than three-fourths of our earth is covered by water, yet we have explored less than 5% of the aquatic environment. Autonomous Underwater Vehicles (AUVs) play a major role in the collection of oceanographic data. To make new discoveries and improve our overall understanding of the ocean, scientists must make use of these platforms by implementing effective monitoring and sampling techniques to study ocean upwelling, tidal mixing or other ocean processes. One emerging example of innovative and intelligent ocean sampling is the automatic and coordinated control of autonomous and Lagrangian sensor platforms [4] .
As complex and understudied as the ocean may be, we are able to model and predict certain behaviors moderately well over short time periods. Expanding our modeling capabilities, and general knowledge of the ocean, will help us better exploit the resources that it has to offer. Consistently comparing model predictions with actual events, and adjusting for discrepencies, will increase the range of validity of existing ocean models, both temporally and spatially. The goal of this paper is to present an innovative ocean sampling method that utilizes model predictions and AUVs to collect interesting oceanographic data that can also increase model skill. Our motivation is to track and collect daily information about an ocean process or feature which has a lifespan on the order of a week. We use an ocean model to predict the behavior of an interesting artifact, e.g., a fresh water plume, over a small time period, e.g., one day. This prediction is then used as input to an algorithm that determines a sampling plan for the AUV(s). The AUV(s) are then retasked from a current mission or deployed. Afterward, the collected data is assimilated into the ocean model and an updated prediction is computed. A new sampling plan is created and the process repeats until the artifact is out of range or is no longer of interest.
We motivate the work from an oceanographic perspective and provide a realistic field application. Next, we briefly describe the ocean model and AUV used in this study. We discuss the waypoint selection algorithm and present results from a field implementation. We conclude with future research plans.
The work presented here serves as a proof of concept for the utilization of ocean model forecasts to design sampling missions for AUVs in particular, and aquatic mobile sensor platforms in general, to follow an ocean feature and collect data.
Oceanography Application and Ocean Model
Microscopic organisms are the base of the food chain: all aquatic life ultimately depends upon them for food. There are a few dozen species of phytoplankton and cyanobacteria that can create potent toxins when provided with the right conditions. Harmful algal blooms (HABs) can cause harm via toxin production, or by their accumulated biomass. Such blooms can cause severe illness and potential death to humans as well as to fish, birds and other mammals. The blooms generally occur near fresh water inlets, where large amounts of nutrient rich, fresh water is deposited into the ocean. This water provdes the excess food to support higher productivity and a bloom of microorganisms. It is of interest to predict when and where HABs may form, and which coastal areas they may affect. Harmful algal blooms are an active area of research along the western coast of the United States and are of large concern for coastal communities in southern California. The impact of HABs in this region can be seen in [7, 10] . With this motivation, we choose fresh water plumes as an ocean feature for which to design predictive tracking missions.
The predictive tool utilized in this study is the Regional Ocean Model System (ROMS) [9] -a split-explicit, free-surface, topography-following-coordinate oceanic model. We use ROMS because it is an open source ocean model that is widely accepted and supported throughout the oceanographic and modeling communities. Additionally, the model was developed to study ocean processes along the western U.S. coast which is our primary area of study.
Research is currently ongoing to update and improve ROMS for the Southern California Bight (SCB) 1 in an effort to characterize and understand the complex up-welling and current structure that exist and drive the local climate. The Jet Propulsion Laboratory (JPL) uses ROMS to provide nowcasts and hourly forecasts (up to 36 hours) for Monterey Bay, the SCB and Prince William Sound, see [6] for more information. The JPL version of ROMS assimilates HF radar surface current measurements, data from moorings, satellite data and any data available from AUVs operating in the area. Information regarding this specific version of ROMS and the data assimilation process can be found in [3] .
3 Mobile Sensor Platform: AUV The mobile sensor platform used in this study is a Webb Slocum autonomous underwater glider, as seen in Fig. 1. (http://www.webbresearch.com) The Slocum glider is a type of AUV designed for long-term ocean sampling and monitoring [8] . These gliders fly through the water by altering the position of their center of mass and changing their buoyancy. Due to this method of locomotion, gliders are not fast moving AUVs, and generally have operational velocities on the same order of magnitude as oceanic currents. The endurance and velocity characteristics of the glider make it a good candidate vehicle to track ocean features which have movements that are determined by currents, and that have a residence time on the order of weeks.
We utilize autonomous gliders because our collaborative research group owns two of them, and hence field experiments can be readily performed. We have upgraded the communication capabilities of our vehicles to take advantage of our local wireless network; details on this can be found in the concurrent article, [5] .
Extensive research has been done on glider dynamics and controller design, e.g., see [2] and the references therein. Thus, we do not discuss these details nor the trajectory along which the glider travels. We assume here that the glider can successfully navigate from one location to another.
Trajectory Design
We now present an algorithm which generates the locations for the AUV to visit to follow the general movements of a fresh water plume through the ocean.
Considerable study has been reported on adaptive control of single gliders and coordinated multi-glider systems, see for example [4] and the included references. In these papers, the trajectories given to the gliders were fixed patterns (rounded polygons) that were predetermined by a human operator. The adaptive control component was implemented to keep the gliders in an optimal position, relative to the other gliders following the same trajectory. The difference between the method used in [4] and the approach described here, is that here the sampling trajectory is determined by use of the output of ROMS, and thus is, at first glance, a seemingly random and irregular sampling pattern. Such an approach is a benefit to the model and scientist alike. Scientists can identify sampling locations based upon ocean measurements they are interested in following, rather than setting a predetermined trajectory and hoping the feature enters the transect while the AUV is sampling. Model skill is increased by the continuous assimilation of the collected data; which by choice, is not a continuous measurement at the same location.
For a fresh water plume, the low salinity and density imply that this feature will propagate through the ocean driven primarily by surface currents. A plume may dissipate rapidly, but can stay cohesive and detectable for up to weeks; we assume the later case. It is of interest to track these plumes based on the discussion in Sect. 2 as well as in [1] . In addition to tracking the plume, it is also important to accurately predict where a plume will travel on a daily basis. The ROMS prediction capabilities for a plume are good, but model skill can significantly increase from assimilation of in situ measurements.
A single Slocum glider is not optimal for the task at hand, as it is built for endurance missions and traveling at low velocities. Hence, we can not expect it to be able to collect samples over the entire area of a potentially large plume. Thus, we restrict ourselves to visiting (obtaining samples at) at most two locations for each hour of sampling. The primary location that we are interesed in tracking is the centroid of the plume extent; analogous to the eye of the storm. Optimally, we would also like to gather a sample on the boundary of the plume. However, the glider may not be able to reach the plume centroid and a point on the boundary in a one hour time frame. With the given mission and the tools at hand, we present the following trajectory design algorithm.
Trajectory Design Algorithm Based on Ocean Model Predictions
We propose the following iterative algorithm for plume tracking utilizing ocen model predictions. This is the first known presentation of such a technology chain, and as such, is presented in a simplified manner. First, we assume the glider travels at a constant velocity v. Let d be the distance in kilometers that the vehicle can travel in a given time. We neither consider vehicle dynamics nor the effect of ocean currents upon the vehicle in this study; these are areas of ongoing research. Also, we only consider a 2-D planar problem as far as the waypoint computation is concerned. The input to the trajectory design algorithm is a set of points, D (referred to as drifters) that determine the initial extent of the plume, and hourly predictions of the location of each point in D for a set duration. For the points in D, we compute the convex hull as the minimum bounding ellipsoid, E 0 . The centroid of this ellipsoid, C 0 , is the start point of the survey. Next, we consider the predicted locations of D after one hour, D 1 . The centroid of D 1 is C 1 ; the centroid of the minimum bounding ellipsoid E 1 . The algorithm computes d g (C 0 ,C 1 ), the geographic distance from C 0 to C 1 . Given upper and lower bounds d u and d l , resp., if d l < d g (C 0 ,C 1 ) ≤ d u , the trajectory is simply defined as the line C 0 C 1 . If d g (C 0 ,C 1 ) ≤ d l , the algorithm first checks to see if there exists a point p ∈ E 1 ∪ D 1 such that
If such a point exists, the trajectory is defined as the line C 0 p followed by the line pC 1 . If the set of points p ∈ E 1 ∪ D 1 which satisfy Eq. 1 is empty, then the algorithm computes the locus of points,
This locus L , by definition, defines an ellipse with focii C 0 and C 1 . We then choose a random point p * ∈ L as another location for sampling. Here, the trajectory is the line C 0 p * followed by the line p * C 1 . If d g (C 0 ,C 1 ) > d u , the algorithm aborts as the plume is traveling too fast for the chosen vehicle. The algorithm then repeats this process for the defined duration of tracking. This selection process of waypoints for the AUV to visit to track the plume is presented in Algorithm 1. The overall iterative process to
Algorithm 1 Waypoint Selection Algorithm Based on Ocean Model Predictions
Require: Hourly forecasts, D i for a set of points D defining the initial plume condition and its movement for a period of time, T . for 0 ≤ i ≤ T do Compute C i , the centroid of the minimum bounding ellipsoid E i of the points
The trajectory is C i p followed by pC i+1 .
Stop the algorithm. The plume is moving too fast for the selected AUV. end if end while design an implementable plume tracking strategy based on ocean model predictions is given in Algorithm 2.
Algorithm 2 Ocean Plume Tracking Algorithm Based on Ocean Model Predictions
Require: A significant fresh water plume is detected via direct observation or remotely sensed data such as satellite imagery. repeat A set of points (D) is chosen which determine the current extent of the plume. Input D to ROMS. ROMS produces an hourly forecast for all points in D.
Input hourly forcast for D into the trajectory design algorithm. Execute the trajectory design algorithm (see Sect. 1). Uploaded computed waypoints to the AUV. AUV executes mission. The AUV sends collected data to ROMS for assimilation into the model. until Plume dissipates, travels out of range or is no longer of interest. Remark 1. In the SCB, a vertical velocity profile of ocean current is generally not constant. Since the plume propagates on the ocean surface (1 − 3 m) and the glider operates at depths of 60 − 100 m, it is not valid to assume that they are subjected to the same current regime, in both velocity and direction. Thus, it may be possible for a plume to outrun a slow-moving vehicle (i.e., d g (C i ,C i+1 ) ≥ d u ).
Implementation and Field Experiments in the SCB
The rainy season in southern California runs from November to March. During this time, storm events cause large runoff into local area rivers and streams, all of which empty into the Pacific Ocean. Two major rivers in the Los Angeles area, the Santa Ana and the Los Angeles River, input large fresh water plumes to the SCB. Such plumes have a high liklihood of producing HAB events. We deployed a Webb Slocum glider into the SCB on February 17, 2009 to conduct a month-long observation and sampling mission. For this deployment, the glider is programmed to execute a zig-zag pattern mission along the coastline, as depicted in Fig. 2 , by navigating to each of the six waypoints depicted by the red and black bullseyes. Unfortunately, weather and remote sensing devices did not cooperate to produce a rain event along with a detectable fresh water plume, so we were unable to retask the glider to track a real plume by use of Algorithm 2. Instead, we defined a pseudoplume D with 15 initial drifter locations to demonstrate the proof of concept of this research. The pseudo plume is given by the blue line in Fig. 3 . The set D was sent to JPL and input to ROMS as the initial plume condition. The locations of the points in D were predicted for 15 hours. The initial time and location for the beginning of this retasking experiment coincided with predicted coordinates of a future glider communication. The pseudo-plume was chosen such that C 0 was near this predicted glider surfacing location.
Based on observed behavior for our vehicle during this deployment, we take v = 0.75 km/h, and initially defined d l = 0.5 and d u = 0.8. The hourly predictions were input to the trajectory design algorithm and a tracking strategy was generated. Due to slow projected surface currents in the area of study, the relative movement of the plume was quite small. To keep the glider from surfacing too often and to generate a more implementable trajectory, we opted to omit visiting consecutive centroids. Instead, we chose to begin at the initial centroid, then visit the predicted centroid of the plume after five, ten and 15 hours, C 5 , C 10 and C 15 , respectively. Between visiting these sites, the algorithm computed an additional waypoint for the glider to visit. These intermediate waypoints were chosen similarly to the p * defined earlier, with d = 3.75; the distance the glider should travel in five hours. This design strategy produced seven waypoints for the AUV to visit during the 15 hour mission. The waypoints are presented in Table 1 .
Note that we include the initial centroid as a waypoint, since the glider may not surface exactly at the predicted location. Upon visiting all of the waypoints in Table 1 , the glider was instructed to continue the sampling mission shown in Fig.  2 . Figure 3 presents a broad overview of the waypoints in Table 1 , along with a path connecting consecutive waypoints. The plume is delineated by the blue line and the waypoints are numbered and depicted by yellow diamonds. Note that the glider did not travel on the ocean surface during this experiment. Between waypoints, the glider submerges below a set depth and performs consecutive dives and ascents creating a sawtooth-shaped trajectory as its glide path. 
Results
In the study of path planning for field robots, planning the trajectory is usually less than half the battle, the real challenge comes in the implementation. This is exaggerated when dealing with underwater robots due to the complex environment. Next, we present results of an implementation of the designed sampling mission onto a Slocum glider operating in the SCB. The waypoints given in Table 1 were computed under the assumption that the mission would be loaded onto the glider at a specific time and approximate geographic location. The glider arrived and communicated at the correct time and location, however, communication was aborted before the plume tracking mission could be uploaded. We were able to establish a connection two hours later at a different location, and successfully upload the mission file; this location is the red droplet labeled 1 in Fig. 4 . We opted to not visit waypoint 1 based on the location of the glider and to get the glider back on schedule to track the plume. Figures 4 and 5 present magnified images of Fig. 3 , where computed waypoints are the yellow diamonds and the red droplets are the actual locations visited by the glider. We were able to sucessfully generate a plan and retask a deployed glider to follow an ocean feature for 15 hours. It is clear from the data that consideration has to be made for glider dynamics and external forces from the ocean in the trajectory design algorithm. This is an area of active research. The motivation of this research is to follow plumes through the ocean via centroid tracking.
One element that we have neglected to discuss up to this point is that we have no metric for comparison. In particular, when we reach a predicted centroid, we do not have a method to check whether or not the plume centroid was actually at that location. We are planning experiments to deploy actual Lagrangian drifters to simulate a plume. This will give a comparison between the ROMS prediction and the actual movement of the drifters. This also provides a metric to determine the accuracy of the prediction and the precision of the AUV. Another component omitted from earlier discussion is time. When tracking a moving feature, a prediced waypoint contains time information as well as location. For this implementation, the glider began the mission at 0302Z and ended at 1835Z; a total time of 15.55 hours. Due to external influences, arrival at a few waypoints was not at the predicted time. Resolving this matter is contained within the addition of external forces, and is the subject of ongoing work. 
Conclusions and Future Work
Designing effective sampling strategies to study ocean phenomena is a challenging task and can be approached from many different angles. Here, we presented a method to exploit multiple facets of technology to achieve our goal. Utilizing an ocean model and an AUV, we were able to construct a technology chain which outputs a path to follow a fresh water plume centroid for a chosen period of time. The successful field experiment presented here required the cooperation and communication between many individuals. Retasking an autonomous glider remotely while it is in the field involves patience, determination and many resources. In a period of less than two hours, we were able to decide to retask the glider, delineate a plume in the ocean, use ROMS to generate a prediction, generate an implementable tracking strategy, create a glider mission file and have it ready to upload to the glider. This paper has demonstrated that we have implemented the collaboration and technology chain required to perform complex field experiments. The work now is to improve upon the waypoint generation algorithm and extend it to design implementable 3-D trajectories.
The main implementation issue is the ability of the glider to accurately navigate to a given waypoint. This is a direct result of the waypoint selection algorithm only solving the 2-D problem, and ignoring the dynamics of the glider and the complex ocean environment. Details on how to implement robustness and generate more complex sampling missions are outside the scope of this paper. Areas of ongoing re-search include plans to incorporate the kinematic and dynamic models of the glider and extend this from a planar to a 3-D motion planning algorithm. Also, we plan to incorporate a 3-D current output of ROMS to plan a trajectory that exploits the currents to aid the locomotion of the glider. A more immediate step is to incorporate multiple AUVs, which leads to the development of an optimization criterion on which vehicle is best suited for a certain mission or to visit a chosen waypoint. A long-term goal is to facilitate autonomy for the entire system, leaving the human in the control loop as a fail-safe.
